Motivation: Multiple sequence alignments (MSAs) can provide essential input to many bioinformatics applications, including protein structure prediction and functional annotation. However, the optimal selection of sequences to obtain biologically informative MSAs for such purposes is poorly explored, and has traditionally been performed manually.
Introduction
An optimally constructed multiple sequence alignment (MSA) can provide critical insight into the evolutionary history of a protein. MSAs can reveal evolutionarily constrained sites within a sequence and serve as an essential input to many 'downstream' bioinformatics applications, including genome annotation, phylogenetic tree construction and protein structure and function prediction (Chatzou et al., 2016) . Sequence databases contain over 80 million non-redundant entries from thousands of fully sequenced genomes. Consequently, the variety of possible MSAs that can be constructed for a given query protein sequence is enormous. Identifying which of many possible MSAs are optimal, that is, most informative, for downstream applications remains an essential, yet poorly explored problem.
When discussing the quality of an MSA it is important to distinguish the concepts of biological 'informativeness' and 'accuracy'. The former refers to the identification of functionally and structurally important protein residues and is connected to the sequence composition of the MSA, while the latter focuses on the minimization of alignment errors (Ahola et al., 2006; Chatzou et al., 2016; Elofsson, 2002; Taylor, 1997) . Over the past two decades, most attempts at measuring MSA quality (Chang et al., 2014; Thompson et al., 1999) have focused on the benchmarking the accuracy of sequence alignment programs by comparing their results against structure-derived 'gold standard' reference alignment databases such as BAliBASE (Thompson et al., 2005) . Other 'quality'-assessment methods require structural data (Armougom et al., 2006; Pei and Grishin, 2006; Taylor, 1997) , which is not available for most sequences, are consistency-based, meaning that they are based on the agreement of different MSA methods (Lassmann and Sonnhammer, 2005; Morgenstern et al., 2003) , or use conservationbased measures as an indication of alignment quality (Ahola et al., 2006; Lin et al., 2011) , biasing quality scores towards alignments composed of highly similar sequences. All these approaches focus exclusively on the problem of minimizing alignment errors (improving 'accuracy') and leave the issue of 'informativeness', as determined by the optimal composition of sequences of the alignment, largely unexplored. For instance, although a highly conserved MSA composed of 99% identical sequences will have most of its positions correctly matched and thus be highly accurate, the functional information contained in the MSA is diluted by the overwhelming fraction of conserved positions. It is intuitively understood that the evolutionary 'informativeness' of an MSA will be maximized when it includes the most diverse set of homologs possible while excluding unrelated sequences. What makes this issue challenging is that for a particular query sequence of interest, some of the most valuable information comes from remote sequence homologs that are difficult to distinguish from unrelated proteins. The current work does not explore the accuracy of specific MSA methods, but exclusively focuses on the question of identifying the optimal sequence composition of MSAs from the view-point of the success of downstream applications. While our approach could be tested in the context of a variety of downstream applications, as a proof of principle, we embedded our method in a simple, entirely sequence-based pipeline for protein functional site prediction.
Since evolutionary conservation of protein residues implies their importance to biological function, analyses of the conservation patterns of residues in MSAs have been a common approach for functional annotation (Barton et al., 1991; Casari et al., 1995; Fajardo and Fiser, 2013; Larney et al., 2015; Lichtarge and Sowa, 2002) . However, the most recent of these studies (Larney et al., 2015) is just as reliant on the manual curation and adjustment of input MSAs as one of the earliest studies (Barton et al., 1991) . The high degree of subjectivity inherent in manually curating MSAs in these works makes them an ideal platform to explore the goal of our study: how to automatically select the most informative MSA for subsequent functional annotation by conservation analysis. Specifically, this study seeks to identify residues conserved for the purpose of function rather than structure. This is particularly important in the case of subfamily-specific functional annotation, where subfamilies share fold-specific conservation patterns, but possess unique functionally important residues. An informative MSA can identify functionally important residues by separating residues that are conserved in an entire protein family (and are presumably responsible for maintaining the common fold of the protein) from residues that are uniquely conserved in constituent sub-families, and responsible for specific function through specific structural fingerprints.
The importance of processing MSAs in a family-specific manner has been highlighted by a study showing that constructing MSAs using family-specific minimum sequence identity cutoffs improves the accuracy of annotation by enzymatic functional transfer (Addou et al., 2009) . However, selecting parameters such as the sequence identity as criteria for MSA selection is a heuristic without any clear biological basis that can change from family to family (Rubinstein et al., 2013; Yap et al., 2014) .
The present work aims to find an entirely sequence-based approach to identify informative MSAs. To achieve this task, we turn to mutual information (MI) (Cover and Thomas, 2006) , a concept from information theory that can use sequence data alone to provide a window into protein structure. The MI among pairs of MSA columns was one of the first instruments in the field of correlated mutation analysis: it has long been used to identify positions in amino acid sequences that evolved in a correlated manner through compensatory mutations, which are typically occupied by spatially proximal residues in the corresponding three-dimensional protein structures (Altschuh et al., 1987; Atchley et al., 2000; Gobel et al., 1994; Korber et al., 1993) . This implies that the MI captures the variation specific for intra-chain interactions responsible for maintaining the fold of a protein family throughout the course of evolution. The patterns of intra-chain residue interactions can span wide structural distances and represent unique connectivity patterns intimately linked to protein function (Halabi et al., 2009; Lockless and Ranganathan, 1999) . We thus hypothesize that the average MI among an MSA's column pairs correlates with the degree of functional information contained within it. This average MI is an ideal measure for the functional information contained in an MSA: it would be at a minimum in both of the extreme scenarios where an MSA is composed of either largely identical or randomly assorting sequences.
Recent years have witnessed numerous developments in correlated mutation analysis methods to enhance sequence-based structure prediction by separating direct from indirect or transitive correlations between residue positions (Burger and van Nimwegen, 2010) . Three major classes of such methods are those based on maximum entropy modeling (Hopf et al., 2014; Marks et al., 2011; Morcos et al., 2011) , inverse covariance matrix estimation (Jones et al., 2012) and pseudo-likelihood maximization (Ekeberg et al., 2014; Seemayer et al., 2014) . Additionally, there exist machine learning approaches that consider the contact predictions from different categories of methods to arrive at a consensus identification (Jones et al., 2015; Skwark et al., 2013; Skwark et al., 2014) . One of these consensus predictors, metaPSICOV (Jones et al., 2015) , was reported as identifying contacts leading to the best-quality structural models out of several correlated mutation analysis methods (de Oliveira et al., 2016) . Despite the contributions all these methods have made to sequence-based structure prediction, it has been recognized that the construction of MSAs serving as their input is critical to their success (Dickson et al., 2010; Feinauer et al., 2014) . The subjective assumptions made by the choice of input MSA would be expected to propagate even more drastically for consensus-based approaches than for any of their individual inputs. It is therefore necessary to avoid any biases introduced in the generation of the MSAs used to test the hypotheses of the above methods and focus on the problem of appropriate MSA selection with a clean slate.
This work presents SAMMI (Selection of Alignment by Maximal Mutual Information), a sequence-based approach to identifying a functionally informative MSA from a large set of alternatives; the MSA informativeness is captured by a score derived from the mutual information among MSA column pairs. In a proof of concept study, SAMMI is incorporated into a sequence-based functional residue prediction pipeline which extensively samples MSAs from a sequence database search and conducts a conservation analysis on the most informative MSA found by SAMMI. This approach was benchmarked on determining the ligand-binding residues of a functionally and structurally diverse set of 435 proteins. Their ligands can be categorized into different types of small molecules as well as other proteins, and were compiled from three different sources: the BioLiP protein-ligand database (Yang et al., 2013) , the Docking Benchmark (Vreven et al., 2015) and the 'DCbio' protein-protein interface database used to validate the EPPIC interface classification method (Duarte et al., 2012) .
Materials and methods

Sampling of multiple sequence alignments
A detailed description of MSA sampling is available in the Supplementary Material. Briefly, for a given query protein sequence, a PSI-BLAST (Altschul et al., 1997) search was performed on the NCBI 'nr' database with three iterations, a maximum e-value cutoff of 10 À10 and allowing up to 20 000 sequence homolog hits. Next, the following filtering parameters were combinatorically applied to the PSI-BLAST search hits in order to sample a large number of possible alternative MSAs: the minimum (in the range of 20-60% at 5% intervals) and maximum (50, 70, 90, 99%) sequence identities between query and hits, as well as the maximum sequence identity between hits (i.e. clustering of hits to remove redundancy; at levels of 40, 50, 60, 70, 80, 90, 95 and 99%) . In addition, the minimum length of a hit was 30 residues, and the hit had to cover at least 70% of the query length. This process samples a total of 264 alternative sequence profiles, each representing a unique combination of the above parameters.
Mutual information calculation and alignment scoring
The mutual information I(X:Y) in bits for an MSA column pair over the set of 20 standard amino acids (AAs) is defined as (Vinga, 2014) :
where p i (X) and p j (Y) are the marginal probabilities of finding amino acid symbols i and j in columns X and Y, respectively, whereas p ij (X, Y) is the joint probability of finding a specific pair of amino acid symbols i and j in columns X and Y. Gapped columns were treated by defining the effective alignment for a column pair as the subset of gapless sequences in the MSA at either column being compared. Only column pairs with at least 10 sequences remaining in the effective alignment were considered. Finally, columns with gaps in the query sequence were excluded. We introduced a quantity called MI-Diff for each MSA column pair as the difference between each column pair's MI and the 'background' MI obtained after shuffling column pair amino acid symbols, with any negative values being set to 0. Gaps were preserved in their original positions when shuffling. The final MI-Score for each MSA was defined as the average of the top 5% of MI-Diff values.
Conservation analysis and functional annotation
The conservation patterns of MSAs were used to predict a query sequence's functionally important residues. Conservation scores for each column were calculated based on the Jensen Shannon Divergence (JSD), an information-theoretic metric of column variability. The JSD is a real-valued score bounded between 0 and 1 that distinguishes conserved from non-conserved MSA columns and was demonstrated to have superior performance compared to other types of conservation-based predictors of functional importance (Capra and Singh, 2007) . The JSD can be used to represent a conserved column's departure from a standardized background distribution of amino acids, in this case that of the BLOSUM62 matrices (Henikoff and Henikoff, 1992) . Each query residue position in an MSA was ranked by its JSD conservation score as calculated using the 'score_conservation.py' program available at http://compbio.cs.princeton.edu/conservation, ignoring columns with 99% gaps; default parameters were used otherwise. A given MSA's functional residue prediction consisted of the top N solvent-exposed residues ranked by JSD, where N is the annotated number of binding/catalytic residues in the query as defined by the database the query came from. Solvent accessibility was predicted using AccPro 5.2 (Magnan and Baldi, 2014) , and a residue was considered exposed if it had a predicted relative solvent accessible surface area greater than 0.
Benchmark scores
For a given query protein sequence, each of the 264 sampled MSAs yields a functional residue prediction. Each prediction was scored by the F-Score measure with respect to the query's 'true' binding residues as listed in the interaction databases. The F-Score is defined as the harmonic mean of precision and recall (Witten et al., 2011) :
where precision is the fraction of a prediction that was correct and recall is the fraction of functional residues correctly predicted. The maximal MI-Score MSA (MaxMI MSA) was assessed by defining the RankScore:
where F MaxMI is the F-Score of the MaxMI MSA and F max is the highest F-Score observed from any sampled MSA. A RankScore of 1 would indicate that the selected MSA has the highest prediction accuracy among all other MSAs, while a RankScore of 0 would indicate that it does not correctly predict any functional residues (i.e. F MaxMI ¼ 0).
Benchmark dataset
The 435-protein benchmark dataset consisted of 397 smallmolecule-binding and 38 protein-binding proteins, largely obtained from the BioLiP (Yang et al., 2013) , Docking Benchmark (Vreven et al., 2015) and EPPIC (Duarte et al., 2012) databases.
(1) Small-molecule-binding: Proteins were obtained from the non-redundant BioLiP version updated 01/25/2017, which housed 110 272 separate PDB chains. These were restricted to those with a length of 100 to 300 residues that shared no more than 40% sequence identity and had between 10 and 25 annotated binding and catalytic residues combined (for the cases with two binding sites, both sites needed to meet this requirement). With these criteria alone, there were a total of 1158 proteins (Supplementary Excel file), of which 482 were oligopeptide-binding, 266 were oligonucleotide-binding, 275 were 'miscellaneous'-binding with one site, and 135 were 'miscellaneous'-binding with two sites. The 'miscellaneous' list of ligands was constructed starting from the 100 most frequent BioLiP ligands and excluding oligopeptides, oligonucleotides, small inorganic ions and monatomic/diatomic species (Supplementary Table S1 ). To avoid overrepresentation of any particular ligand, a maximum of 4 proteins from each of the 100 miscellaneous ligand types were selected. Finally, only proteins with F max > 0.5 and F max -F min > 0.4 were included. The final BioLiP set thus provided 397 proteins with annotated binding sites, of which 118 bind oligopeptides, 77 bind oligonucleotides and 202 bind to miscellaneous small molecule ligands. The set of 202 miscellaneousbinding proteins could be further subdivided into 140 with one annotated binding site and 62 with two.
(2) Protein-binding: Proteins were selected mostly from the Docking Benchmark and EPPIC databases. A subset of 29 proteins from the full Docking Benchmark was used in the present work; this set was manually curated and binding residues were obtained from examination of the article associated with each PDB identifier. The EPPIC dataset was obtained starting from 'DCbio', a list of PDB identifiers representing 83 protein chains with biologically relevant protein-protein interfaces that was used to benchmark the EPPIC method. These chains were then restricted to those with a single interface, a length between 100 and 500 residues that shared no more than 40% sequence identity and did not bind pyridoxal phosphate (a ligand already in the 'miscellaneous' small-molecule-binding set), leaving 43 proteins. The 'core' (buried interface area >80%) binding residues for these proteins were extracted from the EPPIC database. Finally, we added five immunoglobulin superfamily (IgSF) proteins to be explored, whose binding interfaces were determined by applying the Contacts of Structural Units (Sobolev et al., 1999) program on their crystal complex structures with a distance cutoff of 4 Å . Combining the Docking Benchmark, EPPIC and IgSF proteins resulted in 77 structures (Supplementary Excel file) . To obtain the final dataset, only proteins with F max > 0.3, and F max -F min > 0.2 were included; these criteria were more lenient than in the small-molecule-binding set to procure an appreciable amount of test cases. The final set thus had a total 38 proteins, of which 20 were from the Docking Benchmark, 15 were from EPPIC and 3 were IgSF proteins.
Results
The SAMMI approach
We incorporated SAMMI into an entirely sequence-based functional annotation algorithm ( Supplementary Fig. S1 ), which has three main steps: (1) Sampling of MSAs (2) Selection of the most informative MSA (3) Conservation analysis and functional residue prediction.
Step (2) specifically refers to the SAMMI method.
For a query protein sequence, the first step is to perform a general PSI-BLAST search to identify up to 20 000 presumed homologs (hits) to the query. Next, a set of filtering criteria is combinatorially applied to the hits to exhaustively sample a number of alternative MSAs composed of different subsets of hits. These filtering criteria are cutoff requirements for the minimum and maximum query-hit sequence identities, the maximum hit-hit sequence identity (clustering of hits), the minimum coverage of a hit over the query sequence and the minimum sequence length of a hit. The current combinatorial filtering process generates 264 alternative MSAs from the hits of the PSI-BLAST search (Fajardo and Fiser, 2013) .
The novelty and principal focus of the present work is the second step, in which an MI-based score is used to select the most informative MSA from among those sampled for functional annotation; all other steps can be replaced with any other alternative approach. Given an MSA as input, SAMMI calculates an 'MI-Score' by computing the MI between all column pairs of the MSA as well as between all column pairs of the same MSA with the symbols in its columns shuffled; the corresponding column pairs' MI values are subtracted, producing 'MI-Diff' values, with any resulting negative values being set to 0. The average of the top 5% of MI-Diff values is the MI-Score. This procedure ignores columns with gaps in the query sequence.
In the third step, the 'maximal MI-Score MSA' (MaxMI MSA) is fed into a conservation analysis that assigns a real-valued conservation score to each query sequence residue. In order to better distinguish residues conserved for structural or functional reasons, we also separate residues based on a sequence-based prediction of solvent-accessibility. The final functional residue prediction consists of the top N conserved solvent-accessible residues by this analysis, where N is the actual number of functional (ligand-binding and catalytic) residues in the query sequence (e.g. N ¼ 10 for a protein with 10 combined ligand-binding and catalytic residues).
SAMMI was tested on a set of 435 proteins with well-defined functional sites, available from high-quality protein-ligand interaction databases. 397/435 proteins bound small-molecule ligands and were obtained from BioLiP, a semi-manually curated database of biologically relevant protein-ligand interactions; this set could be divided further into proteins with a single interface that bind oligopeptides (118/397), oligonucleotides (77/397) and proteins with a single interface (202/397) or two interfaces (62/397) that bind the 100 most common 'miscellaneous' small molecules in the database (Supplementary Table S1 ). The remaining 38/435 proteins participated in binary protein-protein interactions and were obtained by combining small set of immunoglobulin superfamily (IgSF) (Rubinstein et al., 2013) proteins with a manually curated set of entries from the Docking Benchmark and the EPPIC 'DCbio' set. The total set of 435 proteins thus represents a functionally comprehensive cross-section of protein families with a wide spectrum of sequence and structural data available (Supplementary Table S2 ).
The mutual information among MSA columns
To illustrate the general nature of the distribution of MI among MSA columns, we plotted the MI value distributions for MSAs obtained for E.coli adenylate kinase (Fig. 1) . The MI distribution is shown for the MaxMI MSA (black) along with that of a columnshuffled version of that MSA (white). The vast majority of MI values for these MSAs indicate uncorrelated columns and fall in the 0-0.2 bits bin, a consistent pattern throughout all MSAs we encountered. This situation arises whenever either or both of the columns are conserved in the entirety of the MSA, or whenever both of the columns vary entirely randomly and are uncorrelated with one another. Those MSA columns that vary together are the source of high MI values. As seen in the inset to Figure 1 , a much greater proportion of MI values greater than 1.0 bits is found in the MaxMI MSA compared to the column-shuffled MaxMI MSA. These high-scoring column pairs are the ones that most faithfully capture the specific nature of adenylate kinase's protein fold and form the basis of the MI-Score: therefore, the MI-Score is calculated as the average of the top 5% of the MI-Diff values (Fig. 2) . We saw no difference in subsequent results if the MI-Score was calculated using the top 10% or top 15% of MI-Diff values. MI-Diff values are obtained from the difference between the MaxMI MSAs' actual MI values and the corresponding MI values in the column-shuffled MaxMI MSA. Therefore, the MI-Score is indicative of the departure of the MI in an MSA from the background distribution of amino acids populating its columns.
SAMMI identifies optimally informative MSAs
The main question explored in this work was whether intra-protein residue correlation patterns, as captured by the MI-Score, correlate with MSA informativeness as measured by the success of functional residue prediction. For a given query protein sequence, each of the 264 MSAs generated for it produced a separate (not necessarily unique) prediction whose success was measured by computing the F-Score metric (harmonic mean of precision and recall). For proteins in which SAMMI is successful, such as for the archaean Sulfolobus solfataricus HGXPRTase (PDB 4zfnB), the correlation between the F-Score and MI-Score of the 264 MSAs generally produces a rightfacing 'pistol'-shaped scatterplot (Fig. 3A) , with the MaxMI MSA at the pistol tip. This demonstrates that even though the MaxMI MSA is not the only one whose conservation pattern is functionally informative, one can select a functionally informative MSA based on it having the highest MI-Score value. In contrast, cases for which SAMMI appears to not be successful, such as for human HGPRTase (PDB 1hmpB), show no apparent relationship between the MI-Score and F-Score (Fig. 3B) .
The contrast between these two purine salvage pathway enzyme orthologs (which share $30% sequence identity) highlights that the functional signals their MaxMI MSAs provide are distinguished by the correlation pattern between the F-Score and the MI-Score. Human HGPRTase occurs in nature as a dimer or tetramer depending on the conditions; in agreement with this, the MaxMI MSA captures an evolutionarily conserved dimerization interface (Eads et al., 1994) , hindering the ability of conservation analysis to identify substrate-binding residues ( Supplementary Fig. S2 ). Although no multimerization data is currently available for the S.solfataricus HGXPRTase, it is reasonable to hypothesize that protein multimerization plays a less important role in the biology of this organism since it is an extremophile that evolved to inhabit 80 C environments where protein-protein interactions are less thermodynamically favorable. Thus, S.solfataricus HGXPRTase may have evolutionarily less conserved multimerization interfaces, allowing its ligand-binding and catalytic residues to be identified without interference by conservation analysis. Using NACCESS (Hubbard and Thornton, 1993) , a structure-based approach to calculating solvent-accessibility, on PISA-computed (Krissinel and Henrick, 2007) dimeric and tetrameric assemblies lead to an improvement in MaxMI MSA F-Score for human HGPRTase (Supplementary Fig. S3 ). This suggests that the 'poor' performance of human HGPRTase is attributable to the use of sequence conservation to predict functional residues rather than any specific failing of SAMMI.
Performance of SAMMI on benchmark datasets
The overall performance of SAMMI was benchmarked by defining the RankScore of a given query protein as the ratio of its MaxMI MSA F-Score (F MaxMI ) to the maximum observed F-Score from any of its sampled MSAs (F max ). The RankScore ranges from 0 to 1: the closer it is to 1, the better the MaxMI MSA conservation pattern reflects the query's functional residues. RankScore distributions for all four categories of single-binding-site proteins reflect SAMMI's strong performance (Fig. 4) : a majority of cases in each category, ranging from 64 to 72%, have a RankScore close to 1 relative to a background distribution obtained by randomly selecting sampled MSAs. The differences between distributions indicate that, on average, the miscellaneous small-molecule-binding proteins have functional residues most easily captured by SAMMI; these are followed by oligopeptide-binding, oligonucleotide-binding and proteinbinding proteins (Table 1) . The weakest functional signals captured by SAMMI are those corresponding to protein-protein interactions, a result consistent with the knowledge that protein-protein interfaces are generally less well conserved than protein-small-molecule interfaces (Capra and Singh, 2007) , which often facilitate lowaffinity transient interactions. Despite SAMMI's success in identifying informative MSAs for the majority of the benchmark set, a consistent observation across the four ligand-binding protein categories is that in about 20% of the cases the algorithm's performance was notably inferior to random selection (thus, only $10% of the cases in each category had RankScores close to random). We hypothesized that the MSAs Fig. 1 . Mutual information (MI) distributions of the maximal MI-Score MSA (MaxMI MSA) derived for adenylate kinase (PDB 4akeA). The characteristic parameters of this MSA were a minimum and maximum sequence identity of 30 and 50%, respectively, and a clustering between hits of 99%. The MI distribution is shown for the MaxMI MSA (black) as well as for its column amino acid symbols shuffled version (white). The inset zooms in to MI values exceeding 1.0 bits Fig. 2 . Distribution of MI difference values (MI-Diff) for adenylate kinase (PDB 4akeA). The MI-Score is the average of the top 5% of the MI difference value distribution (in purple). The 0.0-0.2 bits bin was omitted from this plot for clarity Fig. 3 . F-Score-to-MI-Score correlations for the sampled MSAs of (A) S.solfataricus HGXPRTase (PDB 4zfnB) and (B) human HGPRTase (PDB 1hmpB). The F-Score values fall into discrete 'tiers' as a consequence of the same number of conserved residues being used as the functional residue prediction for each MSA. The 'pistol'-shaped distribution in (A) indicates that while low MI-Score MSAs can fall into any F-Score tier, high MI-Score MSAs tend to fall in the highest tiers. The MSA selected by SAMMI (white arrow) falls into the highest F-Score tier. On the other hand, (B) shows no relationship between the F-Score and MI-Score, although the larger number of F-Score tiers may suggest competing functional signals in the MSA conservation pattern, such as from an unannotated binding interface selected for these proteins did, in fact, capture functional signals, but ones that originated from unannotated or unknown ligandbinding sites. To test this hypothesis, we applied SAMMI on the set of small-molecule-binding proteins with two annotated binding sites (Fig. 5) . Considering only one of the two interfaces as the 'true' binding interface yielded a RankScore distributions similar to those in Figure 4 , showing that while most of the proteins have a highperforming MSA selected, a small but notable fraction have MSAs selected that perform worse than random selection. Considering both of the annotated interfaces as 'true', this fraction disappears almost entirely, suggesting that the MSA conservation patterns did reflect both annotated binding sites. This suggests that about 20% of the annotated proteins have additional functional sites, and because of this, the performance of SAMMI is likely to be underestimated.
Optimal parameters for generating MSAs
An interesting question is to examine whether some general MSA filtering parameters can be associated with optimal selection of input sequences to produce accurate functional residue predictions. To explore this, we plotted the PSI-BLAST filtering parameters for the top 20 and bottom 20 performing MSAs aggregated for all 140 miscellaneous-binding BioLiP proteins (Fig. 6) . The two groups of MSAs tend to have different PSI-BLAST filtering parameters. Although most of these low-performing MSAs have high query-hit sequence identities and hit clustering values, a considerable number have low values for both parameters. This indicates that, as expected, MSAs composed mostly of very similar or very different proteins will tend to produce inaccurate predictions. It is apparent from this plot that the high F-Score group is composed mainly of MSAs generated from some level of intermediate values of the PSI-BLAST filtering parameters, such that the MSAs include a group of proteins that is diverse enough so that only functional residues appear conserved, but not so diverse as to include unrelated proteins with different sets of functional residues. Although some general MSA parameter usage guidelines are suggested by this plot, it also highlights that any given query protein would require an individualized analysis to determine the optimal parameters.
Effect of query sequence gaps on scoring of MSAs
Correlated mutation analyses of MSAs, including those performed by SAMMI, generally exclude columns which have gaps in the sequence of interest because these are not expected to provide relevant structural information. Nevertheless, the correlation patterns of these columns may still contribute to the overall structuralfunctional fingerprint of a protein family, and so may be important determining a set of functionally informative homologs to make up an MSA. A striking example where this is the case is in E.coli adenylate kinase, where choosing to include columns with gaps in the query sequence leads SAMMI to select an MSA with superior performance ( Supplementary Fig. S4 ). Over 95% of the column pairs that are used to calculate the MaxMI MSA's MI-Score are 'mixed': one of the query positions has a gap, indicating that critical functional signals are contained in insertions. However, a larger-scale analysis on the set of 118 oligopeptide-binding proteins found only found 15 cases in which including gaps led to a better-performing MSA (Supplementary Fig. S5 ). Together with the fact that the MI- Figure 4 , showing that a minority of cases perform below their respective background distributions (A; dashed gray). Treating both binding sites as 'true' (B; solid black) shows these cases virtually disappearing, suggesting that they were due to secondary binding sites Score computation length grows quadratically with the number of MSA columns, this suggests that one should exclude gapped query columns in an initial MSA analysis. To illustrate how inclusion of query-gapped columns can affect MI-Score calculation, a more detailed analysis of gapped column inclusion and exclusion was performed for guanine nucleotide-binding protein G(i) subunit a1 (PDB 1y3aA) ( Supplementary Fig. S6 ). These representative results suggest that inclusion of gapped query columns can lead to SAMMI capturing structural-functional fingerprints unique to families from which the query sequence is absent.
Use of direct information to score MSAs
One of the most successful recent correlated mutation analysis methods in protein structure prediction has been the direct information (DI), which uses a maximum-entropy approach adapted from statistical physics to isolate direct correlations between MSA columns to arrive at spatially proximal residues (Morcos et al., 2011) . Despite its successes in protein structure prediction, using a 'DI-Score' calculated from the average of the top 5% of DI values as the basis of MSA scoring led to inferior results on the present work's benchmark dataset when compared to the standard MI ( Supplementary Fig. S5 ). This may be explained by the DI removing input from indirect interactions important in maintaining overall protein shape that represent the overall structural-functional identity of the protein family in question.
Discussion
The novel idea proposed in this work was that average MI values can be used to discern the most informative MSAs from a number of alternatives: the MSAs with the highest average MI values among their columns most faithfully capture the unique structural/functional features of the protein family they are attempting to represent.
The co-varying positions captured by the MI form the crux of the energetic connections responsible for maintaining the overall threedimensional shape of protein folds across different members of a family (Halabi et al., 2009; Lockless and Ranganathan, 1999) . It has been shown that a surprisingly small set of carefully selected homologs can provide accurate information about co-evolving sites (Rubinstein and Fiser, 2008) . Therefore, SAMMI should provide advantage over current practice, which, for a query protein sequence of length L, suggests the use of at least 5 L input sequences in an MSA, without any guidance about the required relation among these sequences (de Oliveira et al., 2016; Kamisetty et al., 2013) . Our approach should thus provide a valuable aid in discerning an informative MSA for use in downstream purposes. The results herein may be viewed in the context of a study that used MI to assess MSAs in the BAliBASE database (Dickson et al., 2012) , which developed a method to aid in the manual curation of MSAs by detecting positions with high local covariation based on calculating the MI among the positions' surrounding six column pairs. These positions in BAliBASE MSAs were in many cases found to be erroneously aligned due to the coupling of residues affected by shift errors in the alignment process. However, they also found that local covariation could be associated with functionally informative positions of active site residues. The SAMMI MI-Score measure was based on all of an MSA's column pairs, both local and distant. Exploratory results observed for the Docking Benchmark dataset did not change when local column pairs were excluded from the MIScore calculation by requiring that they be at least 10 positions apart. This suggests that the MSAs generated in this work's sampling process represented cases where local covariation is indicative of functionally informative positions.
Alternate methods of computing the MI can be used as a basis for SAMMI. A particular formulation of higher-dimensional MI, meaning that between three or more random variables, is called the total correlation (Watanabe, 1960) and may be able to provide additional information over the standard two-variable MI. However, computation of the N th -order total correlation for all possible column N-tuples in an MSA is exponentially more computationally intensive than computing two-column MI values. Another promising development is that of part mutual information (pMI), which was used to improve the identification of partners in protein-protein interaction networks (Zhao et al., 2016) . However, this requires the computationally intensive task of calculating three-variable MI values. As an exploratory measure, we ran three-column mutual information calculations on a set of 17 short proteins from the protein-protein interaction dataset studied in this work, and found that the three-column MI-Scores produced largely the same results as the two-column MIScores. Normalized or corrected versions of the MI have been shown to improve co-evolving residue identification (Buslje et al., 2009; Dunn et al., 2008) , but SAMMI currently only considers the top 5% of MI-Diff values in its MSA scoring scheme, so its signal is already well-separated from background noise in the MSA.
The most important lesson that can be gleaned from this work regarding the practical generation and usage of MSAs is that informative MSAs require diversity among their component sequences. The default settings of the NCBI BLAST server perform a search of the 'nr' sequence database allowing a maximum of 500 hits. For any extensively studied query protein, a 500-hit profile search on 'nr' is at risk of consisting largely of hits almost identical to the query. Such a sequence search is neither functionally informative nor useful, as the large fraction of conserved positions will wash out any specific functional information contained within. To take an extreme hypothetical example, if a 500-residue protein has had the sequences of at Fig. 6 . Plot of PSI-BLAST profile filtering parameters of minimum query-hit sequence identity and sequence identity clustering for the 20 highest F-Score and 20 lowest F-Score MSAs. Rectangle height is proportional to the number of observations in the top 20 F-Score MSAs, while width is proportional to the number of observations in the bottom 20 F-Score MSAs. Note that the increased density of rectangles at the upper part of the plot is due to the rectangles representing 95% sequence identity clustering. This plot is aggregated over the set of 140 miscellaneous small-molecule-binding proteins. Similar plots were obtained for the other ligand-binding categories of proteins least one point mutant at each position deposited in a sequence database, these mutants will be the first 500 hits encountered upon searching this database for homologs, since these differ from the query at just one position. If an MSA only includes the first 500 hits as the homologs, the MSA's conservation pattern will not be able to distinguish the functional residues from any other residues in the protein. For cases like these, it is important to gather as much sequence information as possible (i.e. increase the maximum number of allowed hits) so that processing of the search can generate a sufficiently diverse MSA that can provide unmitigated functional information.
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